Debate over the impact of team composition on the outcome of a contest has attracted sports enthusiasts and sports scientists for years. A commonly held belief regarding team success is the superstar effect; that is, including more talent improves the performance of a team 1 . However, studies of team sports have suggested that previous relations and shared experiences among team members improve the mutual understanding of individual habits, techniques and abilities and therefore enhance team coordination and strategy 2-9
. We explored the impact of within-team relationships on the outcome of competition between sports teams. Relations among teammates consist of two aspects: qualitative and quantitative. While quantitative aspects measure the number of times two teammates collaborated, qualitative aspects focus on 'prior shared success'; that is, whether teamwork succeeded or failed. We examined the association between qualitative team interactions and the probability of winning using historical records from professional sportsbasketball in the National Basketball Association, football in the English Premier League, cricket in the Indian Premier League and baseball in Major League Baseball-and the multiplayer online battle game Defense of the Ancients 2. Our results show that prior shared success between team members significantly improves the odds of the team winning in all sports beyond the talents of individuals.
"The idea of star players is a notion everywhere but nonsense in Germany, " said the football analyst Hienric Spencer after the dominant performance of Germany in the 2014 FIFA (Fédération International de football Association) World Cup 10 . Spencer's statement questioned the commonly held belief about the association between higher team performance and the presence of highly skilled players in a team 11 . Sports history is, indeed, littered with plenty of instances in which teams with great players have failed. Various factors determine the success of a team. Prior research on team success revealed a positive correlation between cognitive ability and team performance 12 , and a link between individual talents of 'core' members of a team and team performance 13 . However, to win in professional sports such as soccer (English Premier League (EPL)), baseball (Major League Baseball (MLB)), basketball (National Basketball Association (NBA)) or cricket (Indian Premier League (IPL)), a team requires not only highly skilled players but also cooperative teammates. A prevalent saying related to the success of a team is "a team is only as strong as its weakest link, " enforcing the idea of building teams with close-knit teammates 14 .
Within-team relationships may enable more successful collaboration, which is vital for team performance. Information about relations within a team is useful and facilitates teamwork 15, 16 . A qualitative, longitudinal field study of three virtual global teams over a period of 21 months found that effectiveness increases if a team has a series of adequate communication incidents 2 . Previous studies have shown that personal relationships and previous collaborations improve the performance of teams with complex tasks [2] [3] [4] [5] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] . Similarly, the success of sports teams depends on inter-player coordination [6] [7] [8] . Earlier studies of player interactions have predicted the individual performance of football players in the 2008 Euro Cup 6 , basketball players in the 2010 NBA playoffs 7 , cricket matches played between 1877 and 2010 28 , and soccer players in the 2014 FIFA World Cup 29 . However, these studies focused on directly observable player coordination activities during the game (for example, passes in football).
Prior collaboration among team members consists of qualitative and quantative aspects that accrue over time 30 . While quantitative aspects measure the number of times individuals collaborated in the past for specific tasks, the qualitative aspect captures the outcome of the task (that is, whether teamwork was a success or failure). Psychological experiments and field research point towards measuring shared wins as a way to understand how teammates learn from experience and provide insights into one another. Positive emotions and psychological states such as pride improve the ability of a person to recall complex information and experiences 31 , intricacies about their own behaviour, and to be open to sharing and learning from others. Conversely, negative emotions such as anger, enhance the vulnerability of person to incur losses 31 . A related study measuring instant messaging coordination among teams of financial decision-makers found that negative emotions arise in teams in response to financial losses 32 . Once the negative emotions arise, team members then tend to 'turtle up' , and complex cognitions, mindfulness and team communications are reduced. The opposite effects are seen when teams make financial wins.
Building on the earlier research on successful teamwork and work experience, we determine how prior experience of playing together affects the future performance of a team. In this work, we propose that when the goal of a team is to defeat another team, the attributes of team members and their successful prior interactions directly determine the outcome of the team. We investigate the elements of team success in the context of sports by focusing on the successful prior interactions among team members. In other words, when two teams consisting of highly skilled players are competing against one another, what are the chances of the team with greater prior success among its members? In sports and online games, people often play many matches together as part of different teams, and their successful collaborative experiences facilitate relationship building. The number of times they have played with one another Letters NATuRE HuMAN BEHAvIOuR on teams indicates the strength of their relationship, and the density of the relationship network in a team represents the extent to which the team members have frequently played together. Therefore, we propose the following hypothesis to examine the impact of team relations on team outcomes: when teams with highly skilled players compete, the team with higher successful prior interactions among teammates is more likely to win.
For this study, we collected sports data from the earliest available date for basketball, football, baseball and cricket matches. Our objective was to obtain the prior shared success for a particular season (year) and to the check robustness of the results for another season (year). Specifically, for every sport, we constructed the skills of players and prior shared success based on game statistics between In sports, scores in a match typically measure the performance of a team. In NBA, EPL and MLB games, the team score is the number of points, goals or runs, respectively, a team scores in a contest. In the IPL matches, the 'run rate' , that is, the ratio of the number of runs scored to the number of overs (each over being the equivalent of six pitches in baseball) played, measures team performance. For example, if 140 runs are scored in 20 overs, the run-rate score is 7. We chose the difference of the run rate as the dependent variable in IPL matches, since it serves as a surrogate for batting strategy 33 . Compared to sports such as football or basketball, whereby players compete to score simultaneously, in cricket, a team sets a target in the first innings and the opponent team then chases the runs in the second innings. Frequently, the outcome of a contest is decided by the run rate of the team batting second. The fielding captain changes the fielding strategy depending on the run-rates of two teams, and the opponent captain decides whether an aggressive or defensive batting strategy is desirable 33 . In Dota2, the number of towers demolished is a meaningful indicator of team performance, since a team needs to destroy the defending towers of the opponent before taking over their stronghold and winning the game.
In each of the five sports, the team with the higher score wins a match. Therefore, we used the difference in the scores of the two teams to measure the outcome of a match. The dependent variable δdv i 12 for match i is defined as follows: means that Team 1 has a higher score and wins the match.
In Fig. 1 we illustrate a team as a collection of individuals. The relational perspective of teams considers a team as a network of individuals whereby the weight of each connection equals the number of times two players have played together in which they were winners (Fig. 1a) . In other words, we counted the number of times a pair of players was part of the same winning team. We measure wins because wins parsimoniously capture the relevant conditions under which players are likely to recall significant information about the strengths and weaknesses of the opponent and their own effective and ineffective strategies for confronting an opponent. In addition, these states make it more likely for any player to share their insights and to be open to learning from others.
Some teams perform better than others due to the successful relations among team members. For each team, we define the weighted density of its network of past successful interactions (S) of teammates; that is,
where N i is the number of players a team used in match i, and w kj is the number of matches that team members k and j played together and won in the past. The prior shared success variable δS i 12 measures the difference of past successful interactions of two teams in a match i as follows:
where S i 1 and S i 2 are the average numbers of past successful interactions in Team 1 and Team 2, respectively. We summarize the dependent variable and the independent variable for all sports in Supplementary Table 1. Given the importance of individual skills in professional sports, we used team skills as a control for the average skills of all team members. Figure 1b illustrates the skills of team members, with nodes coloured according to the different levels of skill. Control variables are defined in the Methods.
Linear regression models were used to examine the impact of prior shared success on the outcome of a match, controlling for the skill factors and team fixed effects. The fixed-effect model is described a follows: where α 0-4 are the coefficients of the control variable, and independent variable, and β f 12 are the coefficients of the team fixed effects. Table 1 shows raw data relationships of all the variables for winning, losing, home and away teams in NBA season 2013-2014. The average winning team score is 106.34 ± 10.48, while the average score of losing teams is 95.49 ± 10.56. As expected, winning teams have a significantly higher score compared with losing teams (Wilcoxon signed-rank test, z = 10.153, P < 0.001). We also observed that home teams win ~58% of the matches, with the average score of Home teams significantly greater than away teams (Wilcoxon signedrank test, z = − 6.950, P < 0.001). The difference of average 'box plus/minus (BPM)' is significantly higher for winning teams compared with with losing teams (Wilcoxon signed-rank test, z = 7.757, P < 0.001). We also observed a higher value of difference of 'average points' (Wilcoxon signed-rank test, z = 3.876, P < 0.001) and difference of 'average assists' for winning teams (Wilcoxon signed-rank test, z = 4.365, P < 0.001). The winning NBA teams had a significantly higher value for the number of times their players had previously played in games they won (prior shared success) than the losing teams (Wilcoxon signed-rank test, z = 10.153, P < 0.001). Conversely, there was no significant difference in prior shared success between home and away teams (Wilcoxon signed-rank test, z = − 0.122, P = 0.9030). Supplementary Table 3 Tables 4-21 ). In MLB 2013 matches, difference in 'wins above replacement (WAR)' was significantly higher for winning teams (Wilcoxon signed-rank test, z = 3.289, P = 0.0010), while there was no significant difference in 'on-base plus slugging (OPS)' between winning and losing teams (Wilcoxon signed-rank test, z = -1.196, P = 0.2316). Finally, in Dota2 matches, the difference in average deaths was significantly higher for winning teams than the losing teams (Wilcoxon signed-rank test, z = -4.867, P < 0.001). Table 2 . When we added the independent variable (prior shared success) to the baseline model, we observed a modest increase in R 2 from 24.4% to 25.6%, and the BIC decreased from 10,648 to 10,635. Nevertheless, we observed a significant impact of prior shared success on team performance (d.f. = 1314, P < 0.001, effect size statistic = 0.126, 95% CI = 0.069 to 0.182). The strength and significance tests of estimated coefficients of the skill variables δ C 1 , δ C 2 and δ C 3 , suggest that they have no significant impact on the difference of team scores given the impact of prior shared success.
We found a different pattern for football matches played in the EPL. In the EPL season 2013-2014 models, the difference of 'mean goals' scored had a positive effect on the difference of team scores (d.f. = 379, P = 0.038, effect size statistic = 0.185, 95% CI = 0.010 to 0.359). Conversely, the difference of 'mean shots' and difference of 'mean assists' had no effect on the difference of team scores (mean shots: d.f. = 379, P = 0.329, effect size statistic = 0.066, 95% CI = − 0.066 to 0.199; mean assists: d.f. = 379, P = 0.059, effect size statistic = − 1.157, 95% CI = − 2.358 to 0.043). the inclusion of prior shared success resulted in a modest increase of R 2 from 28.4% to 31%, and a reduction in the BIC from 1,660 to 1,652, reflecting an improvement in the model fit to the data. The prior shared success of a team had a positive and significant impact on the difference of team scores (d.f. = 379, P = 0.001, effect size statistic = 0.078, 95% CI = 0.033 to 0.122). Interestingly, we also observed a significant 
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contribution from skill variables δ C 1 (d.f. = 379, P = 0.007, effect size statistic = 0.231, 95% CI = 0.063 to 0.399) and δ C 3 (d.f. = 379, P = 0.024, effect size statistic = − 1.358, 95% CI = − 2.532 to − 0.183).
In the IPL 2013 models, the difference of the mean strike-rate of batsmen and the difference of the mean economy-rate of bowlers had no effect on the difference of team run-rates (mean strike rate: d.f. = 73, P = 0.298, effect size statistic = 0.0001, 95% CI = − 0.015 to 0.016; mean economy rate: d.f. = 73, P = 0.985, effect size statistic = 0.344, 95% CI = − 0.312 to 1.000). The skill variables along with team fixed-effects explained 26.9% of the variance. Once we added prior shared success variable to the baseline model of skill variables, we observed that R 2 increased from 26.9% to 42.5%. There was a significant positive impact of the prior shared success variable on the difference of team run-rates (d.f. = 73, P = 0.003, effect size statistic = 0.111, 95% CI = 0.038 to 0.183). The BIC in the full model with controls and the prior shared success variable decreased from 336 to 322, suggesting an improvement in the model fit to the baseline model 34 . Next, we tested our hypothesis in baseball games and compared the prediction power of the baseline model with the full model for matches in MLB 2013. Controlling for the skill variable of team members and team fixed effects, we observed that prior shared success of teams displayed a positive and significant association with the difference of team scores (d.f. = 2,421, P < 0.001, effect size statistic = 0.083, 95% CI = 0.069 to 0.098). Moreover, the with BIC reduced from 14,270 to 14,167 and R 2 increased from 6.4% to 10.5%. Given the positive and significant impact of prior shared success, the impacts of the difference of mean pitching WAR and difference of mean OPS had no significant effect on the difference of team scores (mean pitching WAR: d.f. = 2,421, P = 0.492, effect size statistic = 0.068, 95% CI = -0.126 to 0.263; mean OPS: df = 2,421, P = 0.365, effect size statistic = -0.890, 95% CI = -2.819 to 1.037). Finally, for Dota2 games, there were significant associations between the skill variables δ C 1 and δ C 2 and the outcomes of the match. Teams with a lower death rate and a higher mean assist rate than their opponent were more likely to win. However, when the prior shared success variable was included, the effect of the mean assist rate disappeared. Again, prior shared success had a significant positive impact on the outcomes of a match. That is, teams with more successful previous co-play relations than their opponents were more likely to win (d.f. = 4,356, P < 0.001, effect size statistic = 1.401, 95% CI = 1.055 to 1.746). Once we extended the baseline model, the BIC reduced from 40,507 to 40,453, and R 2 increased from 0.9% to 2.3%. Although the overall explanatory power is quite modest, the results clearly indicate a strong impact of prior shared success of teams. Table 3 shows the estimates from the logistic model, indicating that the impacts of prior shared success on the probability of winning were robust in all five models. We also measured the overall rate of correct classificationn; first with the control variable model and then comparing the estimates with the full model. For NBA season 2013-2014, the skill variables correctly predicted 69% of the The skill variables were as follows: in NBA games, they were the difference in average BPM (δ C 1 ), the difference in average points (δ C 2 ) and the difference in average assists (δ C 3 ) in the last three seasons; in EPL games, they were the difference in average goals scored (δ C 1 ), the difference in average number of shots, and the difference in average number of assists in the last three seasons; in IPL 2013, they were the difference in average batting strike-rate (δ C 1 ) and the difference in average bowling economy rate (δ C 2 ) in the previous 3 years of Twenty 20 cricket; in MLB 2013, they wre the difference in pitcher (WAR)n (δ C 1 ) and the difference in batting OPS (δ C 2 ); in Dota2, they were the difference in the mean death rate (δ C 1 ) and the difference in mean assist rate (δ C 2 ). Interestingly, we also observed a significant effect of the mean death rate on the difference in tower scores in Dota2 (P < 0.001). NA, not applicable.
games, while the full model including prior shared success and skills correctly predicted 71% of the games. In EPL season 2013-2014, the skill variables correctly predicted ~73% of the games. The addition of the independent variable to the skill variables increased the percentage of games correctly predicted to ~76%. During IPL 2013, the skill variables correctly predicted 71% of the games, while the independent variable together with the skill variables correctly predicted 78% of the games. In MLB 2013, we observed that the skill variables correctly predict 59% of the games, while the full model correctly predicted 65% of the games. For games played in Dota2, the skill variables correctly predict 54% of games, while independent variable and skill variables together predicted 56% of the games. These results suggest that although prior shared success explains the significant variance in the odds of a team winning, these interactions are also dependent on the type of sports. That is, while the increase in explained variance and percentage of correct classification in basketball, football, Dota2 is modest, we observe a much stronger effect in cricket and baseball. We performed several analyses to test the robustness of our findings. The effect of prior shared success on team performance was consistent across different sports and over time. We observed that the skill variables pitching WAR and OPS in MLB (Supplementary  Tables 40, 43 Tables 45 and 47 ) had a significant impact on team performance. However, we also observed that including prior shared success in the model explained the significant variance in the difference of team scores above and beyond the difference of skill variables. This suggests that when teams have similar skill levels in elite-league competitions, differences in skills do not consistently predict match outcome consistently. Prior shared success steadily explains the significant variance in team performance.
Next, we varied the skill variables by aggregating individual statistics in different time windows and estimated the strength and significance of the independent variable (Supplementary Tables  40-49 ). First, we measured the skill variable for more recent events by aggregating the individual statistics of players in the precceding season for NBA and EPL, and the preceeding year for IPL and MLB. Furthermore, we aggregated the skill variables of players in the past five-seasons (5 years) and conducted additional analyses to assess the robustness of our results (see tables in the Supplementary Information). In the main text, for MLB games, we considered pitching WAR and OPS as skill variables for our models.
We also ran additional analyses with a combination of 'earned run average' and OPS to assess the strength and significance of prior shared success (Supplementary Tables 50-55 ). The past relationship of in-field players (position at first baseman (1B), second baseman (2B), third baseman (3B) and shortstop (SS)) in baseball plays a key role in team selection. We tested whether successful past relationships of in-field players had any significant effect on the difference of team scores. Our results showed that there was no significant effect of such prior relations among in-field players in MLB 2013, although a weak effect was observed with logistic models in MLB 2012 (Supplementary Tables 56-61) . Evidently, the effect of in-field players is not consistent, the only consistent effect coming from successful past relationships between all the players in the game. Our results reveal that prior experience of successful interactions among team members is important to the success of a team. In four out of five datasets (that is, with the exception of Dota2), talent plays the largest role in determining team success: skill variables explain between 6.4% and 28.4% of the variance in team success. The presence of highly talented players in a team does not necessarily guarantee a team's success in a competition, however. In all five datasets, prior shared success explained an additional 1.2-15.6% of the variance in team success, above skill. Sports enthusiasts believe that individual skill plays an important role in the outcome of competitive games; therefore, individual player performance statistics have been widely used in predicting sports performance in baseball 35 . The common belief of the effect of talent on team success 11 suffered a setback when Germany defeated Brazil in the semifinal of the 2014 FIFA World Cup, setting an example of the triumph of teamwork over individual brilliance. As experts build and maintain teams, the debate between team relations and individual capability is a classical one 9 . Except for anecdotal evidence among sports fans and commentators, the role of prior interactions in team competitions remains unexplored and unclear. Prior successful interactions represent social bonding among team members that facilitates collaboration. Our study explored the impact of prior shared success on the outcomes of competition between sports teams. Compared with prior research on teamwork, we adopted a more nuanced approach by considering the dyadic relationship of teams in team-versus-team competitions. We demonstrated how past successful interactions (prior shared success) significantly improved the odds of a team winning in basketball (NBA), football (EPL), baseball (MLB), cricket (IPL) and online games (Dota2).
Our results reveal that prioxperience of successful interactions among team members is critical to tsuccess of a team. The presence of highly talented players in a team does not necessarily guarantee the success of a team in a competition. One possible explanation is that franchise owners in the IPL, and managers in the NBA, MLB and the EPL, select the top available players resulting in teams of similar strength and individual talent. . These examples suggest that n such elite-league competitions, in which all competing teams have highly skilled players on their sides, the difference in skills is possibly not a consistent differentiator for the success of a team. Our analyses suggest that selecting players who have teamed up together successfully in the past increases the odds of a team winning a competition. Prior shared success of a team explains the significant variance in the difference of team scores beyond the difference of average skills of teams.
It is noteworthy that the consistency of our empirical evidence transcends the idiosyncratic characteristics of basketball, baseball, football, cricket and online games. Although our analysis is restricted to sports and online games, it could be extended to other competitive environments.
The positive effects of successful prior interactions on the outcome of competition may provide broader managerial implications for business, politics, academia and creative industries. If repeated positive interactions between team members have a significantly stronger effect than individual expertise, it may be prudent to consider coherence when bringing in new members.
This study advances our understanding of the factors that contribute to the competitive advantage of team. Prior research has focused on the role of individual skills in making teams more competitive. This study demonstrates the competitive advantage derived by a team based on the prior shared success among team members. According to Moneyball, Billy Beane (the general manager of Oakland Athletics) built a successful team on the notion that players work together to increase the probability of scoring runs 36 . The empirical evidence provides guidelines for relation-based incentives in firms, sports franchises and academic laboratories. Rather than solely focusing on the skills of people, company cheif executive officiers, sports coaches and managers should concentrate on the ability of someone to work consistently as part of a team. Prior interactions among team members also help in identifying members who are self-centred; that is, members who are passive in coordinating effectively with other teammates. It remains with the leadership of a team to decide whether to replace such a player or to change tactics while maintaining team productivity. In practice, a coach in football or a captain in cricket looks for the best possible team combinations, even at the cost of excluding some star players. For example, in the 2012 FIFA World Cup Brazil's coach Luiz Felipe Scolari excluded their star player Romário de Souza Faria from the team.
Even though our study has limitations, it has a lot of potential for further research. Our analysis is limited by the macroscopic interactions among the team members. Due to lack of available data we were unable to quantify the intricate details of positive interactions. For example, our study did not capture the football or basketball passes between specific players. One might examine the connection between skills and individual relations in a team. The understanding of who has what skills could be more important than the skill statistics themselves when people need to work together.
The process of discovering the person-specific and team-level skills and knowledge in a group is referred to as transactive memory systems 37, 38 . If transactive memory systems can be quantified in sports, they might not only advance our understanding of why prior shared success between team members have large effects but also how those effects can best predict outcomes and be used to value individual talent above and beyond physical talents on the field.
One could argue that in baseball games team members operate independently of each other 39, 40 compared to sports such as football, basketball and cricket as well as Dota2, where team members have to be more interdependent. Our resultss provide initial evidence of the intricate link between the ability (skill) of a player and interdependent behaviour. For example, in football and basketball, a valuable player is one who can not only score for the team (skill) but also Letters NATuRE HuMAN BEHAvIOuR effectively pass the ball, thus maximizing the likelihood of the team winning a contest 41 . A previous study 42 has demonstrated that in EPL, the ball-passing rate between the football players is positively correlated with the number of times they have played together.
This also leads to the question of the 'too much talent effect' in sports; that is "when teams need to come together, more talent can tear them apart" 11 . Future research should explore whether excess talent hurts the interpersonal relationships among team members. For example, talented players may not coordinate effectively with less skilled team members. Another promising area of future research would be to investigate the so-called 'Shane Battier Effect' , named for a well-known US basketball player on intra-team relationships. The Battier Effect refers to an interesting phenomenon: Battier's personal statistics for key indicators (points, assists and rebounds) were not phenomenal, but the statistics of his teammates were significantly better when he was on the court than when he was on the bench. Furthermore, the statistics of the opposing teams worsened when he was on court than when he was on the bench. The intuition of individuals making others on their team perform better is widely accepted, but less is known about the specific, potentially network-related mechanisms that explain this phenomenon. Additionally, our prior winning relationships approach indicates the importance of competitive knowledge transfer of individual and team-level capabilities by players who move between teams. The increased use of digital sensor technologies in sports makes it possible for future research to leverage these data to analyse microscopic interactions to further advance our understanding of the impact of team relations on performance.
Methods
Sports and e-Sports data. To test the hypothesis, we used data from four sports (basketball, football, cricket and baseball) and an e-Sport (Dota2). The following paragraphs provide a brief description of each dataset. Multiplayer online battle arena game Dota2. An e-Sports game, whereby each match has two competing teams, called Radiant and Dire, with five players each. Each player chooses a character, which evolves during a match and can die but revives after a certain period. To win a match, a team has to kill the opponents' characters and destroy their stronghold. Each match starts from the begining, and there is no fixed length. Our dataset includes the game log of all Dota2 matches in 2011 43 .
Control variables-team skills.
What are the chances of winning for a team with highly skilled players? Intuitively, one may assume that teams with better players are more likely to win, and that the skills statistics of team members have a significant explanatory power on the outcome of a game. As illustrated in Fig. 1b , the compositional view of teams considers a team as a collection of individuals with attributes or skills. For example, in our case, the skills of a team member refer to his average points and assists in basketball. For each team, the mean statistics over all team members represent the skill factor of the team. Thus, based on the common belief and earlier works on the abilities of the member and team performance 12, 13 , a team with higher skill statistics is stronger in a competitive environment.
We (IPL), and in the first week of December 2011 for Dota2. The skills statistics are different in different sports. For games played in the NBA, we used BPM, points per game and assists per game as indicators of the skills of players. Unlike basketball, there is not a wealth of individual statistics football 24 . For football matches played in the EPL, we used the number of goals per game, the number of shots per game and the number of assists per game as indicators of the individual skills of a football player. For cricket matches played in the IPL, we used the batting strike rate and the bowling economy rate as quantifiers for the individual performance of players. For a batsman, the batting strike rate is defined as the average number of runs scored per 100 balls faced, while the bowling economy rate is defined as the average number of runs conceded per 6 balls (analogous to 6 pitches in baseball) for a bowler. In matches played in MLB, we used pitching WAR for pitchers and OPS for hitters as the skill variables for baseball players. As a robustness check, we also included the earned run average of pitchers as an indicator of individual skill. For Dota2, we used the death rate and the assist rate; that is, the number of times a player was killed divided by his or her total kills and the number of times a player assisted a teammate divided by his or her total kills, respectively. Supplementary Table 1 summarizes the skill statistics used in the different sports. Note that the bowling economy rate, the earned run average the and death rate are negative measures of skills. The lower the bowling economy rate, the better the bowler is in cricket; the lower the earned run average, the better the pitcher is in baseball; and the lower the death rate in Dota2, the better the online player.
The compositional variables δC i 12 measure the differences in the skill factors of two teams in a match i:
where skill i 1 and skill i 2 are the team skill measures of Team 1 and Team 2, respectively. In our analysis, we considered the skill of players in the previous 3 years (three seasons). Additionally, we use dummy variables to control for team fixed effects.
Statistical analysis. Exclusion of data points. For IPL 2013, there were 72 games, 2 qualifiers, 1 eliminator and 1 final, resulting in 76 matches. However, 2 games in IPL 2013 did not yield an outcome and were not included, yielding 74 observations. In MLB season 2013, there were are 8 matches that did not have any data from the ESPN MLB webpage (for example, http://www.espn.com/mlb/ boxscore?gameId= 330916120). Such matches were automatically excluded during data extraction, resulting in 2,422 observations. Normality and equal variances. Mean and standard deviations of scores, skills and prior successful interactions were calculated for losing teams, winning teams, home teams and away teams in all the sports data. We implemented F-tests for comparing the variances, wherein we failed to reject the null hypothesis of equality of variances for all sports data. We tested the normality hypothesis against the non-normality for every sports data implementing the Shapiro-Francia test. If the normality hypothesis was rejected, we compared the difference of means for losing-winning teams and home-away teams by implementing the Wilcoxon signed rank-test (see Supplementary Tables 2-39 for descriptive statistics). The distributions of skill variables and prior shared success were assumed to be normal ( Supplementary Figs. 1 and 2) .
Power analysis. No statistical methods were used to pre-determine sample sizes. Our sample sizes were larger than the recommended sample sizes for 80% power and 5% type-I error rate 44 . BIC. The BIC is a criterion for model selection, with preference given to the model with lowest BIC. Formally, the BIC is defined as follows:
Where, n is the number of observations, k denotes the number of parameters in the model and L is the maximum value of the likelihood function for the model. Reporting Summary. Further information on research design is available in the Nature Research Reporting Summary linked to this article.
Code availability. Python codes used to generate the skill variables and the independent variable, as well as Stata codes supporting this study, are available at the GitHub repository: https://github.com/smukherjee0305/Skills_Shared_ Success_Sports/tree/master/Codes. The Stata codes used for regressions are also provided in the are Supplementary Methods (see Supplementary Information).
Data availability
Raw data of NBA, EPL and MLB games are available from the ESPN website. IPL data are available from the Cricinfo website. Derived data used in the study are available at GitHub: https://github.com/smukherjee0305/Skills_Shared_ Success_Sports. The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
The statistical test(s) used AND whether they are one-or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.
A description of all covariates tested A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Data analysis
The variables in the model were created in Python2.7. The regression and distribution plots were done in Stata14
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Study description
This is a quantitative study demonstrating how prior shared success between team members significantly improve the team's odds of winning in all sports, based on existing sports data.
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